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PREDICTING SUITABLE HABITAT FOR THE CRITICALLY ENDANGERED 
YELLOW-TAILED WOOLLY MONKEY (Lagothrix flavicauda) IN PERU 
MELISSA ANN ZARATE 
ABSTRACT 
The Tropical Andes Biodiversity Hotspot holds a remarkable amount of species at 
risk of extinction due to climate change and human activities. One of these species, the 
Critically Endangered yellow-tailed woolly monkey (Lagothrix flavicauda), has 
experienced alterations in its known geographical range, along with a recent sighting in 
the region Junín, 206 kilometers south of previous observations, calling for a re-
evaluation of potential suitable habitat. In this thesis, I fit, evaluate, and apply predictions 
of a habitat suitability model within the country of Peru. I used a generalized linear 
modeling approach across various range constraints, incorporating bioclimatic variables, 
forest cover, distance to cities and elevation as predictor variables. Precipitation features 
most strongly influencing observations of species presence in my model and evaluation 
measures showed the elevation-constrained model accuracy to be around 95%. Habitat 
suitability maps illustrate novel areas of potentially suitable habitat in central Huánuco, 
Pasco, and limited areas in Junín. The newly discovered population was found to be in an 
area of low suitability, calling for further investigation of the species in this area. Areas 
of suitable habitat should be surveyed to decrease bias in occurrence data, increasing the 
accuracy of habitat modeling for this species. Surveying these areas may also reveal 
corridors of gene flow between these populations, and could facilitate landscape genetics 
studies to characterize the viability of this taxon. Better characterization of the true 
vi 
distribution of the species will provide information to conservation stakeholders in 
priority areas, helping to protect this species and associated threatened wildlife.
vii 
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CHAPTER 1: INTRODUCTION 
The degradation of suitable habitat is a rapidly growing ecological and 
conservation concern, and is causing an extinction crisis for wild primates in particular 
(Estrada et al., 2017). This is predominately driven by habitat loss in recognized 
biodiversity hotspots (Brooks et al., 2002), which hold a majority of the world’s plant and 
animal species. Of the 34 recognized biodiversity hotspots, a disproportionately high 
number occur in the tropics, where the majority of future changes in anthropogenic land-
use are likely to occur (Sala, 2000). Although they account for less than 7% of land 
surface, tropical and sub-tropical forests hold over 60% of the world’s documented 
species, many of which are endemic to their region (Dirzo and Raven, 2003). This 
biodiversity is threatened by human overexploitation of resources in tropical hotspots.  
Forest loss and degradation due to human activities are among the most important 
contributors to tropical land use changes in Latin America, in particular. The demise of 
tropical forest hotspots in Latin America are caused by multidimensional factors that can 
vary between countries, or even regions, causing seemingly similar forests to endure 
different levels of change (Kim, Sexton, and Townshend, 2015). For this reason, it is 
imperative that conservation research efforts target each regional hotspot, such as the 
Peruvian Tropical Andes, and its associated species as unique entities that are part of a 
larger system.  
The Tropical Andes Biodiversity Hotspot (TABH) is a region rich in biodiversity, 
and which performs important ecosystem services–such as climate regulation and carbon 
sequestration–that are threatened by human-induced changes (Lawrence and Vandecar, 
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2015). It is often ignored, however, that these ecosystem services are often more 
economically sustainable and beneficial at both the local and regional levels than more 
destructive economic development strategies, such as cattle farming (Gilroy et al., 2014). 
Therefore, it is in the best interest of both humans and wildlife to conserve the TABH and 
maintain its biodiversity. This may best be accomplished by the conservation of an 
umbrella species that is endemic to the TABH, using the conservation of one focal 
species to extend protection to multiple other species and communities that share its 
particular ecosystem (Ozaki et al., 2006).  
In the field of ecological conservation, habitat suitability modeling can use 
established presence data of an umbrella species to determine what environmental 
variables are important for its long-term survival in an ecosystem. Such modeling can 
compensate for a lack of survey efforts in a region of interest by making predictions 
about whether a given ecogeographic region or habitat is able to sustain viable 
populations of a particular species (Phillips et al., 2009). When given the results of 
habitat suitability models, conservation stakeholders can determine where to prioritize 
protection efforts for an umbrella species to maximize the conservation impacts.  
The yellow-tailed woolly monkey (Lagothrix flavicauda) represents an ideal 
umbrella species for the TABH: it is restricted to the yungas region, one of the primary 
ecotypes in the TABH, is charismatic and nationally treasured, and is already the focus of 
several conservation initiatives within Peru. However, the current protected area (PA) 
network of the TABH has already been deemed unreliable in terms of protecting the 
yellow-tailed woolly monkey from the consequences of human population growth, 
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habitat degradation, and climate change in Peru (Buckingham and Shanee, 2009; Shanee, 
2016). 
In this thesis, I evaluate how the currently known geographic distribution of the 
Critically Engendered yellow-tailed woolly monkey correlates with environmental factors 
in the TABH, and use these models to suggest areas with suitable habitat where the 
species may survive within the region. To predict suitable habitat outside of known 
observations, I modeled presence-background data (synonymous to presence-
pseudoabsence) using logistic regression, comparing models that implement randomly 
selected points from both broad and regionally constrained geographic backgrounds. I 
evaluated the accuracy of each model’s predictions using threshold-dependent and 
threshold-independent measurements of accuracy, and applied the predictions to a study 
region with known environmental and anthropogenic variables. This study illustrates 
which variables are of high importance to observed yellow-tailed woolly monkey 
occurrences in the TABH, which will be crucial to conservation planning and to 
developing future surveys to find populations outside of their currently-known range.  
The remainder of this thesis is organized as follows. In Chapter 2 I provide an in-
depth description of the TABH, and discuss the yellow-tailed woolly monkey as an 
umbrella species for the TABH and its current conservation and distribution status. I 
present the threats to both the region and the species, and detail previous conservation 
efforts and what they may have lacked. I also discuss habitat suitability modeling and its 
use in conservation research as a justification for their use in this study. I finish the 
chapter with my specific aims for this study.  In Chapter 3 I describe my chosen methods 
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and justification for the steps I take to build, evaluate, and apply the habitat suitability 
models. I also present the species observation dataset and ecogeographic variables that 
were used in each model, and how these data were obtained. In Chapter 4 I present my 
results, including the best models I evaluated to predict habitat suitability, and discuss the 
areas of suitable habitat suggested by these models. In Chapter 5 I discuss these results, 
describing potential reasons for the strong observed correlations between key variables 
and yellow-tailed woolly monkey presence in my models. Based on these models, I also 
suggest where to further survey for yellow-tailed woolly monkey presence, and explain 
why some previously-observed presence points appear to be in habitat deemed by these 
models to be of low suitability. I also compare my research to other published 
assessments of habitat suitability for this species, and to those of other endangered 
primates, while identifying the potential limitations of this study and the methods chosen. 
Finally, I summarize my final conclusions in Chapter 6. This final chapter addresses the 
importance of this work to the continued conservation of the yellow-tailed woolly 
monkey, and suggests further related research that would contribute to the conservation 









CHAPTER 2: BACKGROUND  
 One of the aims of ecological research is to identify relationships between species 
and their environment, and what requirements are necessary to sustain these relationships 
to the benefit of species survival. Habitat modeling has been increasingly used over the 
years as a method of finding these requirements, and improves in accuracy as known 
occurrence data increases for a given species (Elith et al., 2006; Phillips et al., 2009). 
Given the difficult terrain of the TABH, surveys for the yellow-tailed woolly monkey 
have only occurred in what was thought to be their relatively small geographic range in 
northern Peru. Determining further suitable habitats for the species throughout the 
Peruvian Andes will illustrate the best places to perform future surveys that will 
contribute to the knowledge of how they interact with and respond to their environment.  
 
2.1 Status of the Tropical Andes Biodiversity Hotspot of Northern Peru 
The TABH covers over 158 million hectares of western South America, spanning 
across Venezuela, Colombia, Ecuador, Peru, Bolivia and the northern tropical portions of 
Argentina and Chile (Critical Ecosystem Partnership Fund (CEPF), 2015). For those 
living in and near the hotspot, the Andes provide a vast majority of their natural 
resources, such as water and timber, particularly those living on the eastern slopes of the 
range. The formation of the Andes mountains developed highly differential precipitation 
regimes between the western and eastern sides, with the east experiencing more rainfall. 
The erosion and sedimentation caused by this increased rainfall is the source of much of 
the Amazonian plane and intermontane basins of the Andes (Hoorn et al., 2010). The 
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multitude of ecosystems supported by the varying geological and climatic conditions 
combined with the high elevation isolates them as “islands” to which species adapt and 
survive with little population admixture. This allows the enhancement and maintenance 
of biodiversity and endemism in the tropical Andes (Särkinen et al., 2012).  
The TABH is ranked among the top five hotspots likely to lose the most plants 
and animals due to continued habitat degradation (Brooks et al., 2002). Of all the 
biodiversity hotspots in the world, the TABH holds the highest number of endemic plant 
and vertebrate animal species (at least 20,000 and 1,567 species, respectively), many of 
which are threatened or endangered, making it one of the “hyper-hot” candidate areas for 
crucial conservation action (Myers et al., 2000; Brooks et al., 2002). It contains about a 
sixth of the world’s plant diversity and the world’s largest variety of mammals with 
approximately 570 species (CEPF, 2015). Of the vast mammal diversity in the TABH, 
there are 18 threated primate species with ranges that are either within or overlapping 
with the hotspot (CEPF, 2015), three of which are endangered and endemic species: the 
Endangered Andean night monkey (Aotus miconax; Cornejo, Shanee, and Mittermeier, 
2019), the Critically Endangered Andean titi monkey (Plecturocebus oenanthe; Veiga et 
al., 2011), and the Critically Endangered yellow-tailed woolly monkey (Lagothrix 
flavicauda; Shanee et al., 2019). According to the Critical Ecosystem Partnership Fund, 
1314 species within the TABH occur in geographic ranges so small that they are highly 
susceptible to population declines. There are 442 sites covering 33.2 million hectares 
known as key biodiversity areas where a majority of these threatened species are known 
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to survive (CEPF, 2015), though the amount of PAs that overlap with these sites is low 
and these species face threats caused by environmental and anthropogenic changes.  
There are two principal factors contributing to the threat of extinction in the 
TABH. The first is the consequences of climate change on the many threatened and 
endangered species in the region. The environmental alterations caused by climate 
change in combination with increased human presence in the region are predicted to 
decrease the climatic niche and, in turn, species richness of plants throughout the entirety 
of the Andes (Ramirez-Villegas et al., 2014). This will likely lead to dramatic changes in 
species relationships and reductions in populations of endangered species. The cloud 
forest ecosystem that this study examines covers about 211,068 square kilometers, which 
is about 11.3% of the tropical Andes land cover, and is particularly susceptible to losing 
species due the deleterious impacts of climate change on its ecosystem balance (Josse et 
al., 2009). Warming temperatures caused by climate change leads to the base cloud levels 
to rise, reducing humidity and making land more available for humans to convert and 
burn for agriculture (Still, 1999). While the consequences of climate change have been 
estimated for species richness in the TABH region as a whole (Ramirez-Villegas et al., 
2014; Shanee, 2016), there has been little insight into how it will impact the Peruvian 
cloud forest ecosystem and its own endemics specifically. Doing this would enhance our 
ability to predict both species and human movement with climate change and the 
resulting biological communities left in the future.  
The second threat to biodiversity in the TABH is the increase in human-induced 
land disturbance. A quarter of the land within the Andean region is already altered by 
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humans, an amount that is expected to increase as humans move activities to higher 
elevations with climate change (Josse et al., 2009). Most human-alteration of land in the 
TABH has occurred in Ecuador and Colombia due to the ideal farming conditions 
presented by the nutrient-rich soil of the Northern Andes, while Peru and Bolivia have 
experienced less intense agriculture and urban development (CEPF, 2015). With recent 
road and highway projects, however, the rate of human migration into the once-
undisturbed Andean mountains has increased, leading to the relaxation of environmental 
policies to enable intrusive economic development in resource-rich areas (CEPF, 2015).  
The development of Peru, in particular, has resulted in an increase in land 
trafficking. Defined as the infraction, illegal appropriation, and commerce of lands, land 
trafficking is both caused by and further induces human migration into rural land (Shanee 
and Shanee, 2016). In Peru, it is a major contributor to the deforestation and 
fragmentation in the northern Andes. Since the 1980s, the San Martin and Amazonas 
regions have had connections to the coast via the Marginal Highway, enhancing access to 
previously undisturbed land in the TABH and resulting in a mass migration into these 
once-isolated areas (Shanee, Shanee and Maldonado, 2007; Shanee and Shanee, 2016). 
The continued development of this land has enhanced financial incentives to clear cut the 
forests for activities such as small and large-scale logging, increasing fragmentation; 
however, it is difficult to separate legitimate from illegal enterprises, resulting in a lack of 
authoritative interference (Shanee and Shanee, 2016). Furthermore, it has led to an 
increase in the hunting of primates for bushmeat and for the pet trade by settlers waiting 
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for crops or timber to grow, putting already endangered primate populations at further 
risk (Shanee, 2012)  
 
2.1.1 Conservation priorities and efforts in the TABH 
Priorities to offset these threats are centered around inclusion of the cloud forest 
ecosystem and its intrinsic values and ecosystem services in various forms of 
developmental planning; namely the expansion of agriculture and initiation of PAs. 
Research and outreach efforts to encourage these developments involve mapping of the 
forests and assessment of their local and global value, identification of conservation 
priorities for each area, inventories of their biodiversity, quantification of their hydraulic 
properties, monitoring impacts of climate change, disseminating research to local 
peoples, and documenting the effects of forest fragmentation (Bubb et al., 2004). Further 
research has combined these needs using various mapping tools to assess the efficiency 
of current PAs in conserving biodiversity of the tropical Andes. Bax and Francesconi 
(2019) discovered that over 90% of endemic vertebrate species are not adequately 
protected by established areas, and that 77% of PAs are in places of low conservation 
priority. While their study covered the entirety of the TABH, the PAs of Peru in 
particular showed the lowest performance in conserving endemic species (Bax and 
Francesconi, 2019).  
PAs often do not succeed in protecting endangered species and ecosystems due to 
insufficiencies in financial and human resources that lead to an overall lack in proper 
management (Nagendra, 2008). Another, more successful, approach to conserving a 
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targeted area is community-based conservation, during which researchers or 
conservationists interact with locals that live near priority areas in order to facilitate more 
active and intensive management (Horwich et al., 2015). These conservation initiatives 
often focus on attention-drawing and charismatic flagship species, such as endemic 
primates, to aid in the preservation of these ecosystems (e.g., Horwich et al., 2015). 
Using flagship species to influence local people to appropriately manage areas of priority 
has been largely successful in increasing education about and donations for the protection 
of particular ecosystems (Thomas-Walters and Raihani, 2016), as well as for reducing 
deforestation rates and increasing local population growth of the target species (Shanee 
and Shanee, 2015).  
The yellow-tailed woolly monkey (Lagothrix flavicauda), in particular, has been a 
key study subject and focus of conservation initiatives in the TABH, although its 
utilization as a flagship and umbrella species has only concentrated focus on the Andean 
cloud forests of northern Peru (Shanee and Shanee, 2015; Shanee, 2016; Buckingham and 
Shanee, 2009). Meanwhile, other research has focused on the entirety of the TABH, 
investigating areas of high species richness in comparison with current PAs (e.g. Bax and 
Francesconi, 2019) and predicting future distributions (Josse et al., 2009; Ramirez-
Villegas et al., 2014), with no particular species used as a target. Expanding on the use of 
the yellow-tailed woolly monkey as an umbrella species for protection over the larger 
region of the TABH that includes both their northern and southern populations and all 





2.2 The Yellow-Tailed Woolly Monkey  
Since its relatively recent re-discovery in Peru (Mittermeier, de Macedo-Ruiz, and 
Luscombe, 1975) the yellow-tailed woolly monkey has consistently been included among 
the most endangered primate species in the world (DeLuycker and Heymann, 2007; 
Cornejo et al., 2009). For this reason, it has been utilized as a flagship species by 
conservation groups when spreading awareness of biodiversity in Northern Peru 
(DeLuycker, 2007). Weighing up to 11.5 kg, it is one of the largest New World monkeys 
(Leo Luna, 1980), and one of the scarcest neotropical primates (Shanee, Shanee, and 
Maldonado, 2007). They have long, thick copper-colored fur with a small band of yellow 
hair on the ventral side of the tip of the tail (Figure 1). Like other taxa in the Primate 
family Atelidae, the yellow-tailed woolly monkey has a muscular prehensile tail that is 
able to support its full body weight (DiFiore and Campbell, 2007). Although previously 
assigned to its own genus, Oreonax (Groves, 2001), the species has since, based on 
molecular genetic assessments, been assigned to the genus Lagothrix, the same genus as 
other lowland woolly monkey species (DiFiore et al., 2015). Nonetheless, they have 
many differences in their social structure and range compared to lowland woolly 
monkeys. Yellow-tailed woolly monkeys are restricted to high altitudes of 1,500 to 2,800 
meters above sea level (Shanee, 2011) in groups ranging from 6-20 individuals (Leo 
Luna, 1980; DeLuycker, 2007). Early reports suggest that they may maintain fission-
fusion societies (Kavanaugh and Dresdale, 1975), but no recent behavioral studies of 
yellow-tailed woolly monkeys (e.g. Shanee and Shanee, 2011a) have observations 
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supporting this level of social cohesion. Woolly monkeys generally must visit multiple 
food patches a day, and therefore travel widely and quickly between high quality resource 
patches to maintain their largely frugivorous diets (Strier, 1992). Yellow-tailed woolly 
monkeys are most commonly known to eat fruits of Ficus spp., Cecropia spp., and 
Heteropterys spp (Leo Luna, 1980; Shanee, 2014; Almeyda-Zambrano et al., 2019) and 
so must forage according to their preferred plant foods’ phenological patterns, as 
observed in other frugivorous primates (Di Fiore, 2004). Therefore, their foraging 
patterns and group structure are highly sensitive to environmental and anthropogenic 
changes that alter tree phenology and fruiting patterns.  
 
 
Figure 1 Photo of a male yellow-tailed woolly monkey in La Esperanza, Amazonas in 
2007 (photo taken by Dr. Christopher Schmitt).  
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The greatest threat to the yellow-tailed woolly monkey includes the previously 
discussed effects of recent increases in immigration rates into the TABH, especially 
associated increases in mining and logging (Shanee, Shanee and Maldonado, 2007). 
Deforestation and habitat fragmentation in Northern Peru may be expediting the process 
of extinction for this species, partly due to the resulting lack of available preferred food 
sources (Aquino, Garcia and Charpentier, 2016). In addition to the occasional epiphyte 
root, the diet of the yellow-tailed woolly monkey mainly consists of fruit, flowers, and 
leaf petioles (Leo Luna, 1980), therefore tree density and phenology in a forest patch are 
important factors to consider when evaluating whether habitats are capable of sustaining 
viable populations. Interviews conducted with locals living near yellow-tailed woolly 
monkeys have revealed that they will occasionally enter farmlands or logging plots in 
search of food, requiring them to travel at ground level and putting them at increased risk 
of predation and being hunted by humans (Aquino, Garcia and Charpentier, 2016). 
Although hunting is not the largest threat to the yellow-tailed woolly monkey, the 
species’ low fecundity and relatively late sexual maturation makes it vulnerable to local 
extinction caused by even a little hunting pressure (Leo Luna, 1980). Hunting primates is 
federally illegal and some habitat areas, such as those in and around the Alto Mayo 
Protected Forest, and such areas also have regulations against development, but such 
prohibitions are rarely enforced and often provide little to no protection for the species 
(DeLuycker, 2007; Aquino, Garcia and Charpentier, 2016). To ensure that the PA 
network in the Tropical Andes is as effective as possible in protecting the yellow-tailed 
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woolly monkey and other endemic primates, research providing information on whether 
or not these areas first provide for their ecological needs is necessary. 
 
 
Figure 2 Map of published yellow-tailed woolly monkey sightings (reprinted with 




2.2.1 Knowledge gaps in the distribution of the yellow-tailed woolly monkey  
The current range of yellow-tailed woolly monkeys is well-established in the 
Marañon-Huallaga landscape of Northeastern Peru, within the regions of San Martin, 
Amazonas, La Libertad, and Huánuco (Appendix A; Figure 2). Studies continue to the 
evaluate the distribution of the species as increasing human disturbance can potentially 
drive local extinctions. For example, DeLuycker (2007) was the first to conduct long-
term surveys for the distribution of the species in the Alto Mayo Protected Forest after 
various opportunistic sightings in the area (e.g. Parker and Barkley, 1981). These surveys 
recorded an additional sighting of a yellow-tailed woolly monkey group near Gocta 
Waterfall, but Shanee, Shanee and Maldonado (2007) failed to find any individuals at 
that site later that year. The forest area surrounding Gocta is relatively small, so it is 
questionable if it is currently viable for the maintenance of the species; however, no 
surveys have been conducted since 2007 to confirm the species’ absence from this area. 
Shanee (2011) was able to add to the occurrence database by conducting more thorough 
surveys and interviews with people in nearby communities. More recently, Aquino et al. 
(2015, 2016) expanded survey efforts into the previously unexplored region of Huánuco, 
finding that yellow-tailed woolly monkeys are likely to be found as far as the southeast 
boundary with the region of Pasco. However, at multiple sites in which the species was 
found in the first surveys (Aquino et al., 2015), they were unable to be found in the 
second (Aquino, Garcia and Charpentier, 2016). Whether this represents localized 
extinctions or bad luck on the part of the surveying team is unclear. It is likely that they 
are absent over a large part of their former range, however, due to the destruction of both 
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primary and secondary forest – and associated reduction in preferred food availability – 
for agriculture, cattle farming and other aspects of human expansion. Such deforestation 
has also potentially has led to the migration of yellow-tailed woolly monkeys to new and 
potentially less ideal habitat, including observed incursions into human agricultural areas 
and orchards in search of high-quality foods. Much of these observations must be further 
explored, however, due to the possible unreliability of data taken from conversations with 
Andean migrants new to the area. Such recent arrivals may lack knowledge of local 
wildlife, and prioritize agriculture, logging, and other needs of their communities when in 
conversation with authority figures or community outsiders (Shanee, 2011; Aquino, 
Garcia and Charpentier, 2016).   
Until recently, yellow-tailed woolly monkeys have not been found further south 
than Huánuco (Aquino, Garcia and Charpentier, 2016). Recent observations by our 
research group, however, found a yellow-tailed woolly monkey population near the town 
of San Antonio, Pampa Hermosa in the region of Junín, 206 kilometers south of the 
previously observed range limit (Figure 2; McHugh et al. 2020). Following this 
discovery, further surveys in the area have found them even further south, outside the 
nearby town of Satipo (Sam Shanee, personal communication). Aspects of the physical 
appearance of individuals at this location are inconsistent with those typically observed of 
the species. Unlike previously observed L. flavicauda in northeastern Peru, this 
population appears to lack the eponymous yellow stripe on the underside of the tail (Leo 
Luna, 1980), and has uncharacteristically strong white markings on the brow (McHugh et 
al., 2020). Intraspecific variation in coloration between populations in different areas 
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have also been witnessed in other primates in the Peruvian Andes – for example, in the 
Andean titi monkey and its relative, Plecturocebus toppini – but is not seen to be 
geographically consistent or significant enough to consider the presence of different 
species (Vermeer et al., 2011; Vermeer and Tello-Alverado, 2015). While these 
phenotypic differences are not enough to suggest subspecies-level divergence, it is a 
priority to determine how isolated this population is and has been from those in the north 
to both better understand the population history and to identify potential corridors 
between populations for conservation purposes. Moreover, we must determine where 
between the northern and newly discovered populations surveys for the species should be 
initiated by understanding where yellow-tailed woolly monkeys are most likely and able 
to survive. Finding more populations outside of the previous sightings described will help 
us understand more about their geographic range, potential migration patterns, and what 
areas are important to conserve for their protection.  
Despite these studies evaluating the limited distribution and presenting threats to 
the yellow-tailed woolly monkey, it remains one of the most under-studied neotropical 
primates due to the physically difficult terrain and socio-economic conflict encountered 
when studying them in their habitat. Some of the limited research that has been 
conducted includes activity budgets revealing behavioral differences between age and sex 
classes, as well as between seasons (Shanee and Shanee, 2011), analyses of habitat use 
and diet (e.g. Shanee, 2014; Almeyda-Zambrano et al., 2019), and genetic analyses to 
confirm its taxonomic status as a distinct species – rather than genus – from lowland 
woolly monkeys (Di Fiore et al., 2015). More research must be conducted to provide in-
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depth empirical evidence of the specific environmental needs of the species. Spatially 
modeling the distribution of suitable yellow-tailed woolly monkey habitat is a necessary 
first step towards expanding this research.  
 
2.3 Habitat suitability modeling and conservation  
Explaining and predicting the distribution of a species requires knowledge of 
whether or not the species can be sustained in a given area. This is predicated on three 
main conditions: the species must have the means to disperse into and out of that habitat, 
the habitat must have the combination of abiotic environmental variables to make it 
suitable, and the abiotic conditions must be able to maintain necessary species 
interactions (Guisan, Thuiller and Zimmerman, 2017). Habitat suitability modeling has 
the ability to consider all of these conditions to understand where a species is or may be 
present and why. In doing so, it can predict species spatial distribution when financial or 
human resources are not available for surveying a region of interest in person by using 
currently known habitat parameters to locate and map potentially suitable habitat. 
Environmental variables, such as vegetation, climate, water availability and 
altitude, are implemented in these models to establish which are the most important to the 
distribution of the focal species (Dong et al. 2019; Cianfranni et al. 2010; Liu et al. 2019). 
After isolating the most important variables, typical models calculate which previously 
unexplored areas have the environmental conditions that could support the species needs 
and, therefore, their potential presence (known as habitat suitability; Wang et al., 2008). 
We can also use this strategy to understand how a species’ distribution may shift with 
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expected changes in environmental variables, such as those due to climate change 
(Shanee et al. 2016), as well as due to dispersal barriers (Olah et al., 2016). Furthermore, 
relationships between species presence and human land use can be implemented into 
models to determine how human activity overlaps with species’ habitat, and illustrate 
competition between humans and wildlife (Dong et al. 2019). For endangered species, 
analyzing correlations between these variables and known species occurrences 
demonstrates conditions that the species requires for its long-term survival in the region 
of interest, and can be used to develop more effective conservation priorities.  
 Habitat suitability modeling can contribute to conservation research by assessing 
whether or not a habitat is able to maintain a species of interest and evaluating the 
effectiveness of current conservation efforts. For instance, Dong et al. (2019) found that a 
majority of suitable habitat for the endangered Sichuan snub-nosed monkey 
(Rhinopithecus roxellana) – based on altitude, climate and water availability of where the 
species has been found – is located outside of established PAs in the study region. With 
this information, alteration or expansion of PAs can be encouraged, even when degraded 
or fragmented landscapes are used in the analysis. Habitat suitability models can aid in 
the selection of reserve networks by predicting the distribution of suitable habitat or 
resource patches in fragmented landscapes by assessing habitat connectivity and 
determining what variables facilitate corridors and promote gene flow (LaRue and 
Nielson, 2008; Wang et al. 2009). With this, conservationists can determine why a 
species may not be present in a particular area (Liu et al. 2019) or implement better 
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research methods and conservation strategies in areas that appear to be suitable (LaRue 
and Nielsen 2008).  
 
2.3.1 Habitat suitability models involving the yellow-tailed woolly monkey 
 Current conservation efforts in Peru have implemented habitat models in studies 
of the yellow-tailed woolly monkey and other endangered primates’ geographic ranges. 
Buckingham and Shanee (2009) created models for the suitable habitat and distribution of 
the yellow-tailed woolly monkey using forest class and elevation as primary factors. 
Their model was then overlaid with known deforestation and urban areas to analyze 
human impact on the species’ potential distribution, as well as with a layer of PAs to 
perform a GAP analysis within the regions of Amazonas and San Martin in northern 
Peru. They found that only 30% of remaining suitable habitat in the two regions occurred 
within the PA network at the time, leaving 70%, mostly in southwest San Martin, 
unprotected from human disturbance. Their maps of suitability in comparison with PAs 
was enough information to allow them to suggest the specific placement of a new PA, a 
wildlife corridor, and four expansion zones of existing PAs (Buckingham and Shanee, 
2009).  
Shanee (2016) expanded on this study by creating models that predicted how 
climate change-driven changes in bioclimatic variables will alter the distribution of 
yellow-tailed woolly monkeys and the two other endemic primate species (Plecturocebus 
oenanthe and Aotus miconax). In this study, the authors found that availability of habitat 
described as “Good” for the yellow-tailed woolly monkey would be reduced by 18% 
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when accounting for the changes in bioclimatic variables alone. This is likely due to the 
changes in temperature, precipitation, and cloud formation that, in turn, impact the plant 
phenology of the species’ food sources. After accounting for the implementation of future 
deforestation and hunting pressures due to human population expansion, the niche 
availability decreased by an additional 54% (Shanee, 2016). However, these studies were 
performed before the discovery of the Junín population of yellow-tailed woolly monkeys, 
and therefore the models’ predictions were only applied to the previously known range of 
the species in northern Peru. With the expansion of their known range, there is a need to 
expand these analyses to a larger portion of the TABH to determine where the yellow-
tailed woolly monkey might be found and preserved.  
 
2.4 Specific Aims 
 The purpose of this study is to create and apply a geographically expanded habitat 
suitability model for the yellow-tailed woolly monkey using several environmental and 
anthropogenic variables to determine those most critical to their presence. As discussed 
earlier in this chapter, similar studies have been performed on the distribution of the 
yellow-tailed woolly monkey and other endemic primates in the region (Buckingham and 
Shanee, 2009; Shanee et al., 2013; Shanee, 2016) as well as applied to the TABH and its 
species richness as a whole (Ramirez-Villegas et al., 2014). This study, however, builds 
upon these by expanding the previously utilized range of the yellow-tailed woolly 
monkey, which could expose different variables that are correlated to its presence. 
Furthermore, this expansion of the study region has yet to be used in habitat suitability 
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modeling or gap analyses for any primate species. Understanding the importance of 
which environmental factors construct the specific niche of the yellow-tailed woolly 
monkey will help generate predictions on where else in the region the species may occur, 
as well as how the distribution could change with further anthropogenic pressure and 
climate change.  
After isolating variables of importance to the model, I then applied to a study 
region that includes the northern range, the habitat of the southern population, the area in 
between, and further south of the new populations, making it the largest region 
considered of any spatial distribution study of this species. To compensate for the lack of 
surveying in much of the region of interest (namely south of the region of Huánuco), I 
used background data along with all published localities of the species (Phillips et al., 
2009). The findings of this model will expand on previous knowledge of what 
environmental variables are crucial to the niche of the yellow-tailed woolly monkey, 
while presenting which areas should be prioritized for surveys and conservation research 
for the species. Importantly, these methods should be able to identify where potential 
corridors of connectivity may occur between the northern and recently-discovered Junín 
populations. Additionally, current PA networks within the study region can then be 







CHAPTER 3: METHODS 
 The implementation of habitat suitability models involves five fundamental steps: 
1) Conceptualization of what species, variables, and region are to be studied; 2) 
preparation of species and environmental data at certain scales; 3) fitting a model 
between species presences (and pseudoabsences in the case of this study) and predictor 
variables; 4) evaluating the chosen model; and 5) applying the model to predict species 
occurrences within the study region (Guisan, Thuiller and Zimmerman, 2017). While 
some or all of these steps are often carried out in a GIS environment, recent advances in 
the statistical programming package R have given it full GIS capabilities to create equally 
effective models (Guisan, Thuiller and Zimmerman, 2017), in a free, open source 
environment that does not require expensive licensing fees. All data used in the study 
were from publicly available sources and loaded into R v3.5.2 (R Core Team, 2018) as 
either shapefiles or raster files with latitude/longitude coordinate reference system 
projection and WGS84 datum unless specifically stated otherwise. 
 
3.1 Study Region   
 This study investigated models of species presence and pseudoabsence in two 
study areas. The first was the expansive area between the longitudes of -80W and -65W 
and latitudes of -5S and -20S. The entire country of Peru is within this region, consisting 
of variable ecoregions such as desert, high and low tropical forest, and wet and dry 
montane grasslands. The elevations of the area range from sea level to over 6,500 meters, 
with climate varying with elevation and region. I filtered this background area, however, 
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to only include areas above 1000 meters above sea level (m.a.s.l.), excluding any lowland 
areas, due to the known elevation limits of yellow-tailed woolly monkeys (Appendix A). 
The second was a further restricted ecoregion within the high forests of the Peruvian 
yungas. The yungas span along the eastern slopes of the Andes and consist of tropical and 
sub-tropical montane forests. Currently, all yellow-tailed woolly monkey observations 
have been within this ecoregion, so it is considered preferred habitat. Notably, the dataset 
used to model the yungas in this study has all agricultural/cultivated areas removed, and 
is therefore expected to be largely comprised of undisturbed forested habitat.  
 
3.2 Biological Data 
3.2.1 Species presence  
 Presence data is comprised of the geographic location (in latitude and longitude) 
of all published observations of yellow-tailed woolly monkeys (Appendix A).  There 
have been 58 total published sightings along a portion of the yungas in northern Peru in 
the regions of Amazons, San Martín, La Libertad, Huánuco and Junín. Localities span 
from a latitude of -5.064 S to the southern-most population located in the region of Junín 
at -11.411 S. 
 
3.2.2 Species pseudoabsence 
 The use of pseudoabsence is important for the modeling process of this study due 
to the difficulty in surveying this particular terrain and lack of reliable absence data for 
the yellow-tailed woolly monkey. Selecting points at random counters this sampling bias 
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by characterizing the environment of the study region, while the presence data gives 
information about the specific conditions of where the species unequivocally is found 
(Phillips et al., 2009).   
Multiple datasets with different pseudoabsence points were created to find the 
best fit for prediction of habitat suitability. The first dataset is comprised of points 
randomly chosen within areas on land within the bounds of the previously stated region. 
A raster file of elevation data above 1000 m.a.s.l. was used as a mask, preventing any 
background points from being taken from lowland areas that are unlikely to be suitable 
habitat. As many points as the function could generate within the particular region were 
sampled. Selecting a large set at random eliminates species bias that would occur if 
target-background points were to be generated (Guisan, Thuiller and Zimmerman, 2017). 
This area however, still includes a large portion of highland ecosystem in which yellow-
tailed woolly monkeys are not likely to be found. With the understanding that the species 
is found in only moderately high elevations, particularly in the yungas (Shanee, 2011), 
some higher elevation background points may be considered outliers in a habitat analysis. 
Therefore, in a second collection of random background points, I set a mask using 
a shapefile of the yungas region to avoid having any background points in either lowland 
regions or higher elevation regions that might skew my model. All published sightings 
used in this analysis are located within the yungas ecoregion (Figure 3). Gaps within the 
region of this mask exist where there is current deforestation, and the environment within 
the area is assumed to be somewhat homogenous. Models were fitted using these points 
with the expectation to find little correlation between presence and absence to illustrate 
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the need for an expansive pseudoabsence selection. From this confined region, as many 
points as the function could generate were selected. For each set of background points, 
the presence data were implemented into the function to be sure that there was no overlap 
in presence and background coordinates. 
I used the randomPoints function in the dismo package v.1.1-4 in R (Hijmans et 
al., 2017) to select 786 pseudoabsence points from the extended background and 472 
points from the background restricted to the yungas region.  
 
Figure 3 The eastern Andean slopes of Peru (yungas; gray shading) and all published 
yellow-tailed woolly monkey sightings (black circles). All areas of deforestation are 





3.2.3 Environmental and anthropogenic variables 
 Table 1 describes variables considered for analysis and from what source they 
were derived. I downloaded 19 bioclimatic layers from the freely-available WorldClim 
global climate dataset (Version 2) as a raster stack. Each layer represents data of a 
different bioclimatic variable (Table 1) collected from weather stations at 30 second 
resolution and derived through aggregation by calculating the mean of grouped cells 
(Fick and Hijmans, 2017). Elevation data was also downloaded in raster format from the 
NASA Shuttle Radar Topography Mission (SRTM; version 4) at 30-meter resolution. 
Five degrees latitude by five degrees longitude granules were separately downloaded and 
merged together as a single raster layer. Forest cover data was retrieved from the Global 
Forest Change dataset of percent tree cover from the year 2000 (Hansen et al., 2013). 
These data are the result of a time-series analysis of Landsat images, in which tree cover 
is defined as canopy closure percentage for vegetation taller than 5 meters in height per 
output cell. After collecting and projecting these environmental data, I extracted values 
from all raster objects at each background and presence point, eliminating any points 
within cells that did not have data available from any individual dataset.  
 To distinguish urban areas within the study site, I downloaded a shapefile of all 
buildings in Peru collected by the Humanitarian Open Street Map Team (HOT; Table 1), 
with the assumption that there is more human development, and risk to monkeys, in areas 
with high building density. I calculated the minimum distance between yellow-tailed 
woolly monkey presence and building polygons, finding that monkeys have not been 
spotted less than 50 meters from buildings. Therefore, I chose to create buffer zones of 
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approximately 50 meters around all buildings, with any buildings within 10 meters of 
each other being grouped within the same buffer. I then calculated the distances between 
each presence and background point and the closest urban buffer. A distance value of 
zero indicated that the point was within the buffer area. 
Table 1 Potential predictor variables for the generalized linear mixed model (GLM) of 
habitat suitability. 
Variable 
Category Variable Name Description Source 
Climate 




Mean Diurnal Range (Mean of 
monthly (max temp - min temp)) 
bio3 Isothermality (BIO2/BIO7) (* 100) 
bio4 
Temperature Seasonality (standard 
deviation *100) 
bio5 
Max Temperature of Warmest 
Month 
bio6 
Min Temperature of Coldest 
Month 
bio7 
Temperature Annual Range 
(BIO5-BIO6) 
bio8 
Mean Temperature of Wettest 
Quarter 
bio9 
Mean Temperature of Driest 
Quarter 
bio10 
Mean Temperature of Warmest 
Quarter 
bio11 
Mean Temperature of Coldest 
Quarter 
bio12 Annual Precipitation 
bio13 Precipitation of Wettest Month 
bio14 Precipitation of Driest Month 
bio15 
Precipitation Seasonality 
(Coefficient of Variation) 
bio16 Precipitation of Wettest Quarter 
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bio17 Precipitation of Driest Quarter 
bio18 Precipitation of Warmest Quarter 
bio19 Precipitation of Coldest Quarter 




Forest 2000 Forest 
Cover  
Percent forest cover as a result of 
Landsat 8 OLI data in the year 




Distance from buffers around 
buildings from Humanitarian Open 
Street Map Team 
United Nations 





3.3 Multicollinearity Analysis 
 Having highly correlated predictor variables in a model can negatively impact the 
model’s performance (Dormann et al., 2013). Therefore, pairwise correlation was 
assessed between all climatic variables, as well as individual contributions to 
multicollinearity amongst the entire variable set. To investigate pairwise correlation, 
Pearson’s r was calculated between elevation and all bioclimatic variables. Variable pairs 
with an r value higher than 0.75 were considered to be highly correlated with each other. 
Models were then handpicked, choosing the most inclusive combinations of variables 
while avoiding using highly correlated variables in the same model.  
Detection of multicollinearity of individual variables was performed by 
calculating each individual variables’ variance inflation factor (VIF). The VIF analysis 
indicates the degree that standard errors are inflated due to levels of multicollinearity 
within the model. It has been used in previous habitat suitability models on WorldClim 
bioclimatic data to determine which variables should be removed from the model to 
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obtain the best predictive power without the intrusion of strongly correlated predictor 
variables (Pradhan, 2016). To perform the analysis, I set up a simple linear regression 
model between presence/pseudoabsence and the climatic variables and elevation and 
calculated the VIF of each variable using the car package v.3.0-3 in R (Fox and 
Weisberg, 2019). The variable with the highest VIF was eliminated and the model was 
re-run without it and VIF calculated again. This was repeated until the VIF of each 
variable was less than 10, an indicator that the variable is not responsible for high 
multicollinearity in the model. 
 
3.4 Habitat Suitability Modeling  
3.4.1 Regression models  
 Regression models are used in habitat suitability analyses by relating response 
variables (in this case information on species presence or pseudoabsence) to a set of 
selected environmental predictor variables. Generalized linear models (GLMs) have been 
shown to reliably predict the probability of species presence or probability of habitat use, 
particularly when used with presence-absence, or presence-pseudoabsence data (Phillips 
and Elith, 2011). GLMs are a flexible family of regression models that allow the response 
variables to follow non-normal distributions by using a link function that transforms the 
response variable to linearity (Guisan, Thuiller and Zimmerman, 2017). The response in 
this study is a binomial variable (presence or pseudoabsence of the study species), so I 
used a GLM with a binomial variance and logistic link function to accommodate for the 
binomial response variable of presence or pseudoabsence point to investigate its 
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relationship with my chosen predictor variables. The predictor variables were elevation, 
the bioclimatic variables that were not significantly correlated to one another or elevation 
and did not contribute to multicollinearity, along with percent forest cover and distance to 
urban areas. I standardized all predictors using z-score transformation. The model was 
then reduced to include only those that significantly contributed to the response using an 
automatic backward stepwise Akaike Information Criteria (AIC) reduction procedure. 
AIC reduction is an information theoretic approach that chooses the most parsimonious 
model by favoring model simplicity (Akaike, 1973; Burnham and Anderson, 2002).   
After applying the model to the study area, I assessed habitat suitability in two 
ways. First, I visually inspected the gradient of presence probability illustrated in habitat 
suitability maps. Second, I assigned any areas with presence probability above 0.75 as 
“Good” habitat, areas between 0.25 and 0.75 as “Moderate,” and areas below 0.25 as 
“Unsuitable.”  
 
3.4.2 Model evaluation  
 To be applicable to conservation ecology, the predictive ability of a model must 
be evaluated. There are various ways to assess the predictions of presence-pseudoabsence 
models; two commonly used methods are the receiving operator characteristic (ROC) 
curve and Cohen’s kappa statistic (kappa statistic, hereafter). The ROC curve is a 
threshold-independent procedure that plots all “Sensitivity” values (true positive 
proportion of predictions) against “Specificity” values (false positive proportion of 
predictions; Fielding and Bell, 1997). The area under the ROC curve (AUC) summarizes 
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the accuracy of the model by giving the probability that the model ranks random presence 
sites over pseudoabsence sites. With this, an AUC of 1 would indicate perfect 
predictability of the model, while an AUC of 0.5 would mean that the model’s 
predictions are as good as a random guess (Phillips et al., 2009). The portion of the data 
should that is used to train the algorithm (training set) should be as large as possible to 
maximize accuracy of the model to then be testing on the remainder of the data (testing 
set) to calculate performance (Guisan, Thuiller, and Zimmerman, 2017). Due to the 
relatively low number localities in my presence data, however, the testing set should also 
be somewhat large to ensure that it contains enough presence points. Therefore, I 
calculated the AUC by building the models from a training set comprised of 60% of the 
data and applied it to the remainder of the data as a test set to evaluate the predictive 
performance.   
 As opposed to AUC, calculating the kappa statistic and percent accuracy from a 
confusion matrix is a threshold-dependent method of evaluation. The model predictions 
produce presence probabilities for each point; to convert this to a binomial presence or 
pseudoabsence determination, a probability threshold was implemented to distinguish 
between predicted presences and absences. In threshold dependent GLM evaluations, it is 
common to use a probability threshold of 0.5 (Guisan, Thuiller, and Zimmerman, 2017; 
Dong et al., 2019), although it is beneficial to use a lower threshold when the species is 
rare and has a small geographic range (Jiménez-Valverde and Lobo, 2007). Therefore, I 
set the probability threshold so that any point with a presence probability of 0.4 or higher 
was marked as a presence when establishing the confusion matrix. The kappa statistic 
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value ranges from -1 to 1, with -1 meaning there is complete disagreement between 
predicted and actual values, 0 meaning there is no agreement afar from random chance, 
and 1 meaning they are in complete agreement.   
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CHAPTER 4: RESULTS 
4.1 Multicollinearity Analysis and Variable Choosing 
 The process of eliminating bioclimatic variables with high VIFs one by one from 
the model required 13 runs until the remaining variables had values under 10 (Appendix 
B). In the initial run, average temperature of the coldest month (bio11) had the highest 
contribution to multicollinearity with a VIF of 2.93E+10. According to the pairwise 
Pearson correlations, average temperature of the coldest month is highly correlated to 
average annual temperature (bio1), maximum temperature of warmest month (bio5), 
minimum temperature of coldest month (bio6), mean temperature of wettest quarter 
(bio8), mean temperature of driest quarter (bio9), mean temperature of warmest quarter 
(bio10), and elevation (Table 2). The VIF reduction produced Model 1, including the 
variables mean diurnal temperature range (bio2), isothermality (bio3), temperature 
seasonality (bio4), maximum temperature of the warmest month (bio5), precipitation 
seasonality (bio15), precipitation of the warmest quarter (bio18), and elevation 
(Appendix B) in addition to forest cover and distance to human settlement. This differs 
from the hand-picked combinations from the Pearson’s correlation data because bio5 and 
elevation, which are strongly correlated (r= -0.918; Table 2), were placed in the same 
model.  
 Bioclimatic variables were chosen for 18 additional models based on their 
pairwise correlation with one another. Those that had Pearson’s r correlation values of 
0.75 or higher with one another were not put into the models together. The bioclimatic 
variables exhibiting strong correlations with the most other variables were bio1, bio5, 
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bio6, bio10, and bio11 (Table 2). Additionally, there was almost complete correlation 
between bio1 and bio10 (r = -0.990), between bio8 and bio10 (r = 0.999), between bio9 
and bio11 (r = 0.992), between bio14 and bio17 (r =0.996), bio14 and bio19 (r = 0.994), 
and between bio17 and bio19 (r = 0.998; Table 2). All variables strongly correlated with 
elevation (bio1, bio5, bio6, bio8, bio9, bio10, and bio11) were excluded from models so 
that elevation was included in each potential model. The most inclusive combinations of 
the remaining bioclimatic variables that lacked multicollinearity with one another, in 
addition to elevation, distance to cities, and forest cover were used to create the 
remaining models.  
 Additional VIF and Pearson’s r correlation analyses were performed for the 
smaller dataset that included background points within only the yungas region. Average 
annual temperature (bio1) continued to be a large contributor to multicollinearity (VIF = 
5686.38; Appendix C) and was highly correlated with the same variables as in the larger 
dataset (Appendix D). At the end of the VIF reduction process, the bioclimatic variables 
remaining with VIFs lower than 10 to be included in the model were the same as those of 
the larger dataset with the addition of precipitation of the wettest month (bio13) and 
precipitation of the driest month (bio14).  
  
36 
Table 2 Pairwise Pearson r correlation between bioclimatic variables from the expanded 

















Elevation bio1 bio2 bio3 bio4 bio5 bio6 bio7 bio8 
bio1 -0.956
bio2 0.627 -0.612
bio3 -0.407 0.413 -0.430
bio4 0.375 -0.402 0.603 -0.884
bio5 -0.918 0.968 -0.424 0.249 -0.203
bio6 -0.942 0.969 -0.760 0.554 -0.574 0.880
bio7 0.627 -0.614 0.917 -0.747 0.843 -0.401 -0.788
bio8 -0.955 0.987 -0.553 0.295 -0.257 0.984 0.929 -0.516
bio9 -0.960 0.987 -0.672 0.495 -0.498 0.929 0.986 -0.698 0.960
bio10 -0.952 0.990 -0.555 0.300 -0.269 0.986 0.932 -0.520 0.999
bio11 -0.942 0.985 -0.672 0.540 -0.552 0.919 0.989 -0.717 0.947
bio12 -0.347 0.442 -0.494 0.452 -0.623 0.327 0.510 -0.559 0.342
bio13 -0.110 0.216 -0.290 0.304 -0.489 0.127 0.268 -0.353 0.124
bio14 -0.554 0.612 -0.606 0.494 -0.551 0.507 0.672 -0.640 0.541
bio15 0.368 -0.434 0.630 -0.501 0.711 -0.287 -0.544 0.678 -0.326
bio16 -0.126 0.226 -0.286 0.302 -0.499 0.140 0.277 -0.353 0.133
bio17 -0.550 0.612 -0.616 0.495 -0.568 0.504 0.676 -0.650 0.538
bio18 -0.007 0.074 -0.215 0.317 -0.461 -0.028 0.140 -0.306 -0.013
bio19 -0.550 0.614 -0.612 0.493 -0.566 0.508 0.676 -0.646 0.540
bio9 bio10 bio11 bio12 bio13 bio14 bio15 bio16 bio17   bio18 
bio10 0.963 
bio11 0.992 0.952 
bio12 0.460 0.359 0.514 
bio13 0.218 0.140 0.283 0.899 
bio14 0.629 0.555 0.657 0.825 0.555 
bio15 -0.497 -0.343 -0.526 -0.711 -0.503 -0.686
bio16 0.231 0.149 0.293 0.916 0.988 0.570 -0.518
bio17 0.630 0.552 0.661 0.852 0.588 0.996 -0.704 0.605
bio18 0.085 -0.004 0.147 0.825 0.903 0.521 -0.460 0.905 0.548
bio19 0.631 0.554 0.662 0.853 0.593 0.994 -0.700 0.610 0.998   0.547 
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4.2 Model Selection and Variable Correlation 
Models 4 and 10 had the highest AICs of 229.9 (Table 3) meaning that there was 
the highest deviance of residuals amongst predictors. Model 18 had the lowest AIC (AIC 
= 193; Table 3). This model consisted of mean diurnal temperature range (bio2), 
temperature seasonality (bio4), precipitation of wettest month (bio13), precipitation 
seasonality (bio15), precipitation of the driest quarter (bio17), precipitation of the coldest 
quarter (bio19), elevation forest cover and distance to human settlement (Table 3). The 
AIC-reduced version of this model excluded distance to human settlement, and was used 
as the habitat suitability model to be evaluated and applied to the study region. For 
models of the yungas-restricted dataset, all AIC values were the same distance to human 
settlement was the only significantly correlated variable. Therefore, these models were 
not further utilized for the analysis.  
All variables in Model 18, but distance to human settlement, were significantly 
correlated with yellow-tailed woolly monkey presence (Table 4). The most highly 
correlated variable overall was precipitation of the coldest quarter, which had a negative 
correlation with species presence. Precipitation of the driest quarter was the most 
positively correlated variable. As expected, due to the altitude range chosen in the region, 
elevation was negatively correlated with presence. Forest cover was positively correlated 
with presence, but exhibited the weakest significant correlation overall (Table 4).  
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Table 3 AIC values calculated by backward AIC reduction for each model derived from 
the expanded background dataset.  
 
Model Variables AIC 
1 bio2, bio3, bio4, bio5, bio15, bio18, elevation, forest cover, distance from cities 206.8 
2 bio2, bio3, bio12, bio15, elevation, forest cover, distance from cities 228 
3 bio2, bio3, bio13, bio14, bio15, elevation, forest cover, distance from cities 226.7 
4 bio2, bio3, bio14, bio15, bio18, elevation, forest cover, distance from cities 229.9 
5 bio2, bio3, bio14, bio15, bio16, elevation, forest cover, distance from cities 226.4 
6 bio2, bio3, bio13, bio15, bio17, bio19, elevation, forest cover, distance from cities 217.7 
7 bio2, bio3, bio14, bio15, bio17, bio18, elevation, forest cover, distance from cities 227.4 
8 bio7, bio3, bio12, bio15, elevation, forest cover, distance from cities 228 
9 bio7, bio3, bio13, bio14, bio15, elevation, forest cover, distance from cities 226.7 
10 bio7, bio3, bio14, bio15, bio18, elevation, forest cover, distance from cities 229.9 
11 bio7, bio3, bio14, bio15, bio16, elevation, forest cover, distance from cities 226.4 
12 bio7, bio3, bio13, bio15, bio17, bio19, elevation, forest cover, distance from cities 217.7 
13 bio7, bio3, bio14, bio15, bio17, bio18, elevation, forest cover, distance from cities 227.4 
14 bio2, bio4, bio12, bio15, elevation, forest cover, distance from cities 205 
15 bio2, bio4, bio13, bio14, bio15, elevation, forest cover, distance from cities 204.8 
16 bio2, bio4, bio14, bio15, bio18, elevation, forest cover, distance from cities 209.9 
17 bio2, bio4, bio14, bio15, bio16, elevation, forest cover, distance from cities 204.3 
18 bio2, bio4, bio13, bio15, bio17, bio19, elevation, forest cover, distance from cities 193 
19 bio2, bio4, bio14, bio15, bio17, bio18, elevation, forest cover, distance from cities 206 
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Table 4 Correlation coefficients and standard error of residual deviances for each 
standardized predictor variable in Model 18. Asterisks indicate significance level.  
Predictor Estimate Standard Error  
Intercept  -12.747 *** 2.690 
bio2 1.351** 0.504 
bio4 -6.923*** 1.648 
bio13 -1.661** 0.627 
bio15 -3.662** 1.395 
bio17 17.616* 7.920 
bio19 -18.725* 8.146 
Elevation -0.954* 0.386 
Forest Cover 0.492*   0.248 




   
   
4.3 Model Evaluation  
 The predictive performance of the AIC-reduced logistic regression Model 18 on 
the 40% test dataset was assessed using threshold-independent and threshold-dependent 
measurements. The threshold-independent AUC calculation suggested an AUC of 0.955. 
The AUC indicates that the ROC is well above the diagonal of random prediction (AUC 
= 0.5; Figure 4), meaning that the model predictions are much better than a random 
guess.  
 Measurements of the threshold-dependent evaluation of the GLM were calculated 
using the confusion matrix given in Table 5. Applying the reduced Model 18 to a 60% 
training dataset produced predictions that were 95.6% accurate on the remaining test 
dataset, which corroborates the accuracy calculated by the AUC. Therefore, when 
applying a 0.4 presence probability threshold, the model correctly predicted 95.6% of the 
338 presence and pseudoabsence points correctly. The model was better able to predict 




the true pseudoabsences (97.17%) than true presences (70%), mostly likely due to the 
larger amount of pseudoabsence points in the test dataset. The kappa statistic (0.628) 
showed that the model produced predictions that had good agreement with the test data. 
 
Figure 4 The receiving operator characteristic (ROC) curve produced by the AIC-
reduced Model 18 predictions against a 40% test dataset. The ROC (red; AUC = 0.955) is 
compared to the diagonal representing random guess (black; AUC = 0.5). Sensitivity 
represents accurate predicted presence probability while specificity represents accurate 
true absence probability.  
 
 
Table 5 Confusion matrix of the predicted presence and pseudoabsence points produced 
by Model 5 against actual recorded points with a 0.4 presence probability threshold of 
predictions.  
 
 Recorded Totals 
Predicted 
 Pseudoabsence Presence  
Pseudoabsence 309 6 315 
Presence 9 14 23 




4.4 Habitat Suitability  
 I used thresholds of presence probabilities of 0.75 and 0.25 to assign “Good” and 
“Moderate” habitat, respectively to a study region including all areas above 1000 m.a.s.l 
that are between the latitudes of -5 and -15. Out of this area, 1.22% of the area was 
deemed “Good” habitat and 7.40% as “Moderate” habitat, leaving the remaining 91.30% 
of the study area as “Unsuitable.” The percentages of good and moderate habitat are 
understandably low in this analysis considering the expansive range of the study area.  
 When visually inspecting the study region for suitable habitat, the vast majority of 
moderate and good habitat is within the yungas ecoregion with some low-moderate 
habitat directly to the east. Interestingly, good habitat extends north of the Peruvian 
border. There is a large quantity of the region, particularly in western yungas below -10 
degrees south, that shows 0% presence probability (Figure 5a). Relative to published 
sightings, some presence points are not observed in highly suitable habitat. The two most 
northern presence points, at the Comboco and Rio Blanco sites in the Amazonas region 
(Shanee, 2011), are in an area of 0% presence probability according to my model. The 
newly discovered population in the Junín region appears have been observed in an area of 










































































































































































































Assessing the habitat suitability map of the regions of Huánuco, Pasco and Junín 
reveal areas of potential yellow-tailed woolly monkey presence that have not yet been 
surveyed. Figure 5c illustrates these areas in comparison to the country’s regions and the 
currently known southern-most sightings of the species. The only area of high presence 
probability stretches from north-central Huánuco to the center of the region. The 
southern-most Huánuco sighting, at the Oso Mayo site, appears to be in moderately low-
quality (0.2-0.4 presence probability) habitat, similar to that of the center of Pasco. 
Within the region of Junín, areas that resemble any amount of suitability are restricted to 
the center of the region, surrounding the town of La Merced. at the regional border 
between Junín and Ayacucho. Out of these regions, there is the largest amount of highly 
suitable habitat in Huánuco around all points where the species has been found, along 




CHAPTER 5: DISCUSSION 
5.1 Potential Areas of Suitable Habitat 
 The model of this study reveals novel insights into potentially suitable habitat for 
the yellow-tailed woolly monkey. Although all areas with high presence probabilities are 
within the yungas, as expected, only a portion of the presence points themselves were 
found to be in areas of high suitability (Figures 5). This is most likely due to the 
degradation of already-established habitat. Therefore, I will be considering places of 
moderate to high suitability as potential areas or recommendation for survey work.  
Previously published sightings of the species illustrate a majority of survey effort 
occurring within the regions of San Martín and Amazonas (Appendix 1). The results of 
this study, however uncovers a vast amount of suitable habitat for these monkeys in the 
region of Huánuco, which has only been surveyed in more recent years (Appendix 1). 
Areas with moderate to high presence probabilities in this region extend north to south, 
directly west of the cities of Tingo Maria and Huánuco (Figure 5c). Furthermore, 
surveying should continue or be initiated in the central forests of Pasco, starting north of 
the Huancamba district. Considering that the new population in Junín was discovered in 
an area of relatively low suitability, areas within the region that have similar or higher 
presence probabilities should be surveyed, such as that south of La Merced (Figure 5c). 
In the time of this analysis, more populations a short distance south of the San Antonio 
population in Junín have been discovered (Sam Shanee, personal communication), which 
encourages the continuation of surveying increasingly south as well as initiating 
community conservation efforts in these areas for wildlife protection.   
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5.1.1 Protected areas and suitable habitat  
 Only a little over half of the threatened terrestrial vertebrates in Peru have more 
than 10% of their distributions within PAs (Shanee et al., 2017). Habitat that my model 
presents as suitable for the yellow-tailed woolly monkey has only a small amount 
covered by PAs (Figure 6a). The southern half of suitable habitat has the least amount of 
PA coverage (Figure 6b), potentially because conservation efforts specific to yellow-
tailed woolly monkey as a flagship species have largely been focused on Amazonas and 
San Martin due their historical re-discovery in these regions. With more research like this 
thesis and recent survey attempts supporting further population presence in more 
southerly regions, conservation initiatives will have incentive to encourage more PAs and 
community conservation programs for these southern populations. 
 Peru currently has 21.5% of its land in protected areas, with 130 areas being 
privately owned and 81 ran by the national government (World Database on Protected 
Areas, 2019). While national PAs cover larger portions of land and have higher budgets, 
they operate at a regional scale and rarely give rights or leadership roles to local people 
(Shanee et al., 2017; Horwich et al., 2012). Community conservation areas appear to be 
the most effective conservation vehicles for species and ecosystem services in the regions 
of San Martin and Amazonas (Horwich et al., 2012; Shanee, Shanee, and Horwich, 
2015). In these areas, local people are the primary decision makers and enforce their own 
regulations, often with the aid of conservation institutions, ensuring that the methods of 
protection are in line with the values of their community. They also provide 
environmental education and encourage shifts to more sustainable land use practices (e.g. 
 
 46 
slash and burn agriculture rather than clear cutting methods; Shanee, Shanee, and 
Horwich, 2015). Pairing spatial analyses of umbrella species with GAP analyses of PAs 
can target areas of high priority where community conservation projects can be initiated, 
such as those of suitable habitat shown in this study (Figure 6), which could perhaps 
increase the cumulative regional impact of community conservation.  
 
Figure 6 Protected areas (gray regions) from the World Database of Protected Areas in relation to 
presence probability (A) within the entirety of Peru and (B) within the areas surrounding the 
southernmost presence points (black circles). The color gradient represents probability of species 
presence from low (orange) to high (green). 







5.2 Implications of Variables Strongly Correlated to Presence 
Elevation was found to be negatively correlated with yellow-tailed woolly 
monkey presence in the final model of habitat suitability (Model 18), likely because of 
the elevation range used in the mask when randomly sampling for pseudoabsence points. 
The points had an altitudinal range of approximately 1000 to 6500 m.a.s.l; the higher end 
of this range is far above that of the species, which is known to be found between roughly 
1500-2800 meters above sea level (Leo Luna, 1982; Shanee, 2011; DeLuycker, 2007). 
Therefore, the use of pseudoabsence points at the high end of this range influenced the 
model’s prediction, illustrating suitable habitat to be at slightly lower elevations (farther 
east) than what may be true (Figure 5).    
The variables with the strongest correlations with monkey presence all support the 
notion that the species prefers habitats with relatively low seasonal variation, with the 
assumption that the wet season is the colder season, and the drier season is the warmer 
season. The environmental variable that had the strongest positive correlation with 
monkey presence was precipitation of the driest quarter (bio17). Conversely, the variable 
with the strongest negative correlation was precipitation of the coldest quarter (bio19). 
Precipitation seasonality (bio15) and temperature seasonality (bio4) were also found to be 
negatively correlated with presence, further supporting this idea. These results are 
consistent with the those of Shanee (2016), who found that precipitation of the warmest 
quarter (bio18) was the most positively correlated variable and bio15 the most negatively 
correlated variable with monkey presence in his model. The presence points used in my 
study experience a small difference in precipitation between the coldest and driest 
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periods, with averages of 15.45 centimeters and 15.35 centimeters of rainfall, 
respectively. The new population in San Antonio had no difference between average 
rainfall in the coldest and driest quarters, but their value (20.7 centimeters) was higher 
than average, as was the seasonal variation of temperature. These conditions may explain 
why the population was found to be in low quality habitat. Similarly, the Oso Mayo 
population had extremely low rainfall for the coldest and driest quarters, about 5 
centimeters each, and high seasonal variation. Conversely, the northern-most population 
at Comboco, was likely found to be in habitat with low presence probability because of 
the extremely high amount of rainfall it receives (52.1 centimeters in the dry season and 
57.9 in the cold season). With this, it is plausible that the species requires a certain range 
of precipitation, as well as low seasonal differences.  
The importance of the lack of precipitation differences during different seasons is 
likely to be the result of the phenological needs of the plant food sources on which the 
yellow-tailed woolly monkeys depend. This result is somewhat surprising, as subtropical 
trees often experience peak foliage and flowering during the wet season as they rely on 
the precipitation for growth, causing them to prefer strong differences in rainfall between 
seasons. Furthermore, during the dry season, an excess of precipitation can disrupt 
pollination patterns or cause cold temperatures (Bendix et al., 2006; Aguirre et al., 2011). 
Yellow-tailed woolly monkeys may not share this preference due to their adaptation to 
these phenological cycles by eating more leaves and insects during the dry season, rather 
than their preferred fruit sources, and by traveling longer distances to forage during the 
dry season (Shanee, 2014). Although this pattern of change has only been observed in a 
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single yellow-tailed woolly monkey population inhabiting a highly disturbed landscape, 
and has the potential to differ in high-quality forests, it exemplifies this species’ ability to 
survive in habitats with relatively low seasonal variability. Furthermore, one of the 
species main food sources are the fruits of the Ficus spp., which have shown to have 
abundant fruit production year-round in the TABH, and are dependent on steady rainfall 
(Katan and Valenzuela, 2013).  
As could be expected, the model showed that an increase in forest cover results in 
an increased probability of monkey presence. The model produced a positive correlation 
with percent of forest cover despite the nine presence points in my data that had 0% 
forest cover. The reason for the presumably cleared forest at these presence points could 
be the differences in scale between observational data collection and forest status data. 
Moreover, while yellow-tailed woolly monkeys are known to usually stay 20 to 40 meters 
above the ground (Leo Luna, 1980), this may differ in highly disturbed habitats, enabling 
their use of recently regenerated forest. Although it is also possible that the sightings may 
have taken place on deforested land, such as an agricultural area, this is not specified in 
the source publications.  
The models created using pseudoabsence data that was restricted to the yungas 
region did not reveal any significant correlation between environmental variables and 
species presence. The layer used as the background mask when selecting pseudoabsence 
points for this dataset excluded any areas of deforestation (i.e. agricultural areas), and it 
can be assumed that forest cover and climatic variation was continuous throughout the 
region. All presence points were found to be within the yungas region (Figure 3), 
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showing that yellow-tailed woolly monkeys prefer the variation present within the yungas 
ecosystem. The only factor expected to vary significantly within the yungas region are 
those that are human-induced, which explains why distance to urban areas was the only 
significantly correlated variable in these models.  
 
5.2.1. Distance from cities as an insignificant variable 
 Distance to cities was used in the model with the assumption that monkeys in 
areas in close proximity to human settlement were at high risk of being hunted by 
humans. Therefore, I predicted to find a positive correlation between these distances and 
yellow-tailed woolly monkey presence. Contrary to my expectations, Model 18 exhibited 
a negative coefficient of the distance variable, though this correlation lacked any 
significance. The insignificance of this result is likely an artifact of a majority of search 
efforts for yellow-tailed woolly monkeys being conducted relatively close to human 
settlements, due to the more feasible access. The yungas is well-known to be an 
extraordinarily difficult habitat in which to work, requiring the use of pack mules, 
knowledgeable guides, and days out of touch with people and resources. This has led to 
the majority of yellow-tailed woolly monkey observations occurring near human 
settlements in more easily navigable terrain, which is probably biasing the model towards 
suitable climatic habitat that is close to human settlements. One way to alter the 
relationship between distance to cities and yellow-tailed woolly monkey presence in the 
model is to increase survey efforts in remote areas farther away from towns or cities. 
Habitat suitability research that uses larger quantities of presence points farther from 
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human development has found that the implementation of distance from cities and roads 
in a model can predict the probable place where the species is absent, as well as where it 
may be absent in the future due to deforestation and habitat fragmentation (Santos and 
Tabarelli, 2002; Li et al., 2016). However, predictions could also be skewed when using 
distance from cities as a predictor variable in a logistic regression model of habitat 
suitability if the probability of the species does not change after a certain distance. To 
counter this disadvantage, Shanee (2016) used distance buffers in his final habitat 
suitability analysis of endemic Peruvian primates, assigning levels of hunting pressure 
within each buffer with the knowledge that human hunting can have an impact on the 
spatial distribution of atelin primates. 
 Biodemographic hunting models have been created using human population and 
demographic data compared to primate population density to demonstrate the deleterious 
impact of hunting on primate “prey” species (Levi et al., 2011). The assumption that 
there is high hunting pressure closer to human settlements, however, can be problematic 
due to the different practices among communities. Studies of hunting impact in South 
America are usually performed using indigenous groups that have legal permits to hunt as 
focal human populations. In the layer of human settlement used in my study, indigenous 
communities may have not been incorporated if they do not have high building densities 
picked up by HOT. Indigenous communities in South America tend to hunt more than 
others (Francesconi et al., 2018), so their exclusion from the model ignores areas of high 
hunting and could falsely assign suitable habitat. In contrast, areas around indigenous 
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communities could be suitable if the forests are well-protected forest and the hunting 
practices are sustainable (Levi et al., 2011).  
The use of short distances to human settlements and an indication of high hunting 
pressure can also be problematic when considering modern human communities. For 
example, despite laws against hunting primates, land owners sometimes kill yellow-tailed 
woolly monkeys that enter their farms and pastures from the fragmented forest of Bosque 
Berlin in Amazonas (Leyda Rimarachín, personal conversation). On the contrary, areas 
where community conservation initiatives pertaining to the species have been enacted, 
such as the villages of La Esperanza in Amazonas, hunting has been largely reduced 
(Shanee, Shanee, and Horwich, 2014). Therefore, utilizing hunting pressure as a variable 
in a primate habitat suitability model may require more detailed representation of areas 
with high hunting pressure. 
 
5.3 Model Limitations 
 While the evaluation of the model used showed powerful predictive ability (AUC 
= 0.955, 95.6% accuracy), the model’s limitations lie within the data. The pseudoabsence 
points, for instance, were selected from an expanded background that may have included 
too large of a quantity of unsuitable ecoregions, such as those at altitudes above 3000 
m.a.s.l. Constraining the background from which pseudoabsence points are chosen to a 
more realistic realm could prevent the adverse effects the over-inclusive set of points may 
have with on the model’s predictions (Guisan, Thuiller and Zimmerman, 2017). 
Moreover, when a reduced area was chosen – limiting analysis to the yungas ecoregion – 
 
 53 
there was not enough variability to detect any notable patterns in suitability within the 
ecoregion itself. 
Compared to those used in many other primate habitat models, the number of 
recorded presences of the yellow-tailed woolly monkey is low, partly due to the difficulty 
in collecting occurrence data in potentially illegal hunting and logging areas and because 
of the overall difficulty of the terrain (Shanee, Shanee, and Maldonado, 2007). The 
published literature also lacks known absences outside of San Martín and Amazonas 
(Shanee, 2011), leading to the use of pseudoabsence data where the species may actually 
occur. Furthermore, comparisons of presence-only and presence-absence models have 
found that using presence-only data is more reliable because some absence points are 
thought to be suitable habitat, but surveys have likely failed to observed the species there 
due to chance (Cianfrani et al., 2010). A presence-only model could be able to better 
predict suitable habitat for the yellow-tailed woolly monkey if there was a larger set of 
occurrence points available to obtain more accurate correlations to predictor variables.  
 The temporal differences between the predictor variables and the species 
occurrences data could have impacted the model’s correlations, predictions, or both, as 
well. Forest cover, for instance, was collected in the year 2000, while a majority of 
yellow-tailed woolly monkey sightings occurred in later years (Appendix A). Moreover, 
other current data could be implemented into the model based on other expectations of 
suitable primate habitat. Other habitat suitability models have found distance thresholds 
for primates in relation to roads and rivers (Wang et al., 2018), and distances that they 
stay within relative to certain critical resources that were also mapped (Rainho and 
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Palmeiri, 2011). Using distance values can narrow the amount of suitable habitat assigned 
for a species, as well as predict how the amount of suitable habitat may change with 
increasing human development.  
 
5.4 Importance of Habitat Suitability Modeling and Conservation in the TABH 
It has been well-established that humans overexploiting the natural resources in 
the TABH is the primary threat to the survival of the yellow-tailed woolly monkey and 
other endemic and endangered fauna of the region. Each species holds its own value, be it 
economic, environmental, or intrinsic (Primack, 2014), and differing emphases on these 
forms of value may be critical to their protection in the various regions where they are 
found. It is arguable that the most important value of South American primates is their 
contribution to ecosystem services. The geographic distribution of primates is thought to 
be linked to the diversification of angiosperms, making them vital to forest biodiversity 
(Sussman, Rasmussen, and Raven, 2013). Therefore, in order to protect the services that 
forests provide for people, such as water supply and climate mitigation, we must 
understand the roles and needs of the primates that inhabit them.  
All of the endemic primate species in the northern TABH maintain predominantly 
frugivorous diets (Shanee, Allgas, and Shanee, 2013; Almeyda-Zambrano et al., 2019), 
making them essential members of the ecosystem as seed dispersers and for plant 
population maintenance and ideal umbrella species for ecosystem protection. As 
relatively large mammals with slow digestive rates, they should be able to disperse seeds 
at far distances and between habitat patches, aiding in plant dispersal and maintaining 
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suitable habitat communities for other wildlife (Jordano and Schupp, 2000; González Di-
Pierro, 2011). Seeds are dispersed at an average distance of 577 meters by lowland 
woolly monkeys, and some have been found to have higher germination success than 
those not dispersed by monkeys (González and Stevenson, 2014). For this reason, woolly 
monkeys are a vital component to the forest ecosystems of South America. Their 
contribution to the tree community is important for both humans and the maintenance of 
functioning relationships of the ecosystem. Therefore, modeling techniques that illustrate 
areas with the correct variable balance that is suitable for important primate species also 
indicate areas of overall ecological importance. Initiating protection of primates in 
tropical forests has the umbrella effect of protecting these ecosystems overall, giving 
reason to use primates as subjects of research and focal species of conservation.  
The habitat suitability model created in this study showed several variables to be 
of potential importance in sustaining viable yellow-tailed woolly monkey populations. 
With this knowledge, we can make predictions on the most effective ways to conserve 
the species. For instance, seasonal precipitation features were illustrated as important 
bioclimatic variables for yellow-tailed woolly monkey habitat. As rainfall changes with 
human-induced climate change, predictions can be made as to where suitable habitat will 
be in the future (Shanee, 2016). Targeting these areas can encourage their preliminary 
protection, while predicting the reduction in suitable habitat can encourage changes in 
human activities to mitigate the effects of climate change. Yellow-tailed woolly monkeys 
do not always avoid habitats near human settlement, so human activities can have 
especially impactful consequences on nearby populations. The positive correlation 
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between monkey presence and forest cover shown by the model in this study implies that 
community members in or near suitable habitats should refrain from clear-cutting the 
surrounding forests in order to support an appropriate tree density for yellow-tailed 
woolly monkey populations. Maintaining these variables of importance for the species 
will increase their chances of survival, allowing them to continue to support ecosystem 
balance and, therefore, ecosystem services to humans.  
Community conservation efforts in northern Peru that use the yellow-tailed 
woolly monkey as an umbrella species for wildlife preservation in the TABH have 
proven successful in recent years. The Yellow-Tailed Woolly Monkey Project established 
by Neotropical Primate Conservation (NPC), for example, began in 2007 and involves a 
network of conservation projects throughout the Andes where the species was previously 
known to inhabit (Shanee and Shanee, 2009). These projects include education, 
reforestation, and sustainable economic development, and have effectively enhanced the 
control over hunting and resulted in higher densities of nearby yellow-tailed woolly 
monkey populations (Shanee, Shanee, and Horwich, 2014; Shanee and Shanee, 2015). 
While more economically large-scale conservation projects are going to be necessary to 
prevent extinction of the species, NPC’s efforts illustrate the potential cumulative effects 
of community initiatives. There is, however, a lack of access to support from 
governmental and non-governmental institutions and economic resources to fund such 
developments (Horwich and Lyon, 2007). To encourage financial support, research 
similar to this study is necessary to illustrate the need for wildlife conservation. The 
suitable habitat modeled in this study show potential areas to initiate more projects that 
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utilize the yellow-tailed woolly monkey as an umbrella species. The umbrella species 
approach to conservation relies on the determination of what that species needs in order 
to sustain viably long-term populations. Linking a proposed endemic species to those 
ecosystem factors that are critical to the biodiversity hotspot they are proposed to protect 




CHAPTER 6: FUTURE RESEARCH AND CONCLUSIONS  
 Further investigation of the home range and land use of the yellow-tailed woolly 
monkey will allow for better interpretation of the importance of predictor variables in 
habitat suitability models. Furthermore, differences in these attributes should be studied 
between the northern populations and the newly-discovered Junín populations. Finding 
these differences could determine why the model showed the new population to be in an 
area of low suitability compared to those in the north, possibly revealing adaptations that 
the populations has to this area. However, the less suitable habitat in Junín may also 
explain why there are so few yellow-tailed woolly monkey sightings in the south. More 
surveys should investigate the moderately suitable habitat in this region to indicate if it 
can sustain as many populations of the species as the north. Genetic assessments of 
diversity between the populations should also be performed to determine if geneflow is 
occurring. If so, patterns of environmental variables should also be analyzed between the 
populations to understand factors that facilitate corridors between populations, and how 
they could change, or even be constrained with climate change and increasing human 
development (Sales et al., 2019). Landscape genetics can also be incorporated, using 
individual and population genetics to see what landscape features influence gene flow 
between populations (Olah et al., 2016).  
The habitat suitability model created by this study revealed precipitation of the 
coldest and driest quarters and over all lack of seasonal variation to be of highest 
ecological importance to the yellow-tailed woolly monkey, likely due to their relation to 
food sources for the species. Moreover, nearness to human settlement was not 
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significantly correlated to yellow-tailed woolly monkey presence, indicating a different 
method of measuring direct human impacts on species habitat, such as hunting pressure, 
should be used to better characterize its correlation with species presence.  
Maps of predictions produced by the model indicate areas that should be 
considered for multiple purposes. First, they should be used when assessing the strength 
of the current PA network and determining the best areas to initiate new PAs. Second, 
habitat suitability maps should be used when deciding where to survey for the species. 
The maps presented in this study suggest increased survey efforts in central Pasco and 
Junín, south of the San Antonio population, and central Huánuco, south of previously 
known populations. Successful surveys will increase the number of presence and absence 
points for the species, and will allow for more accurate analyses of their environmental 
needs. Increasing the quantity and quality of environmental and human-related variables 
used in the models will also enhance the predictive power of these models, which will be 
critical to the protection of the yellow-tailed woolly monkey, a difficult to find, largely 






All published yellow-tailed woolly monkey sightings to date.  
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-
77.906194 2150 2010 
Shanee, 
2011 
San Isidro Amazonas -5.72825 
-
77.912667 1830 2010 
Shanee, 
2011 












































































77.593917 2610 2010 
Shanee, 
2011 
San Pedro de 
Chonta Huanuco -8.656389 
-
76.874972 2450 2010 
Shanee, 
2011 
Ajenco Huanuco -8.651778 
-














































Javier Tello Amazonas -6.716556 
-
77.658056 NA 2010 
Shanee, 
2011 
Leimebamba Amazonas -6.44075 
-







77.821897 NA 2018  




74.785461 1746 2019 
McHugh 







VIF reduction of a GLM including all bioclimatic variables from the expanded background 
dataset. After each run, the variable with the highest contribution to multicollinearity (highest 
VIF; bold) was eliminated. The process required 13 runs for all remaining variables to have 






1 2 3 4 
Variable VIF Variable VIF Variable VIF Variable VIF 
bio1 8299.80 bio1 8334.80 bio1 5667.85 bio2 1147.58 
bio2 1246.63 bio2 1323.80 bio2 1172.05 bio3 68.08 
bio3 70.01 bio3 72.54 bio3 68.91 bio4 9.77 
bio4 61.86 bio4 65.88 bio4 23.11 bio5 2884.01 
bio5 2679.71 bio5 2965.75 bio5 2985.88 bio6 5334.61 
bio6 5163.93 bio6 5587.96 bio6 5495.92 bio8 1015.36 
bio8 1347.32 bio8 1579.95 bio8 1310.89 bio10 1876.60 
bio9 2.93E+10 bio9 8546.47 bio10 5294.53 bio12 186.72 
bio10 5845.89 bio10 6185.80 bio12 201.21 bio13 91.40 
bio11 2.93E+10 bio12 232.73 bio13 86.99 bio14 342.27 
bio12 216.94 bio13 72.69 bio14 340.63 bio15 10.61 
bio13 67.92 bio14 342.15 bio15 11.38 bio16 133.45 
bio14 346.17 bio15 32.60 bio16 130.21 bio17 2218.40 
bio15 33.44 bio16 121.15 bio17 2246.99 bio18 26.33 
bio16 120.69 bio17 1803.41 bio18 26.92 bio19 1829.98 
bio17 1379.80 bio18 29.96 bio19 1851.23 Elevation 9.33 
bio18 26.70 bio19 1602.99 Elevation 9.47   
bio19 1110.42 Elevation 8.11     




APPENDIX B (continued) 
  
5 6 7 
Variable VIF Variable VIF Variable VIF 
bio2 77.29 bio2 88.73 bio2 47.90 
bio3 7.29 bio3 7.58 bio3 5.61 
bio4 11.23 bio4 12.38 bio4 6.29 
bio5 1073.29 bio5 1216.55 bio5 450.32 
bio8 927.63 bio8 924.88 bio8 531.13 
bio10 1836.31 bio10 1841.95 bio12 187.18 
bio12 194.02 bio12 196.90 bio13 105.59 
bio13 78.95 bio13 78.07 bio14 290.18 
bio14 332.45 bio14 256.45 bio15 13.06 
bio15 12.73 bio15 14.71 bio16 123.17 
bio16 114.84 bio16 110.28 bio18 23.86 
bio17 2790.05 bio18 22.80 bio19 312.32 
bio18 23.42 bio19 264.34 Elevation 10.20 
bio19 2471.76 Elevation 9.49   
Elevation 9.15     
 
   
8 9 10 
Variable VIF Variable VIF Variable VIF 
bio2 11.24 bio2 8.60 bio2 8.38 
bio3 2.19 bio3 1.95 bio3 1.90 
bio4 4.09 bio4 3.71 bio4 3.45 
bio5 9.18 bio5 9.24 bio5 9.03 
bio12 211.25 bio13 93.95 bio13 54.03 
bio13 87.65 bio14 199.50 bio14 16.21 
bio14 196.72 bio15 9.26 bio15 9.48 
bio15 13.67 bio16 97.55 bio16 53.65 
bio16 120.70 bio18 16.10 bio18 15.16 
bio18 19.27 bio19 199.86 Elevation 9.89 
bio19 200.83 Elevation 10.36   




APPENDIX B (continued) 
 
          11 12 13 
Variable VIF Variable VIF Variable VIF 
bio2 7.47 bio2 7.46 bio2 8.14 
bio3 1.88 bio3 1.86 bio3 1.94 
bio4 3.38 bio4 3.83 bio4 3.50 
bio5 8.76 bio5 8.42 bio5 8.38 
bio14 16.86 bio15 4.44 bio15 4.63 
bio15 9.48 bio16 14.46 bio18 1.71 
bio16 12.19 bio18 12.55 Elevation 9.39 
bio18 13.30 Elevation 9.79   







VIF reduction of a GLM including all bioclimatic variables from the dataset with yungas-masked 
background points. After each run, the variable with the highest contribution to multicollinearity 
(highest VIF; bold) was eliminated. The process required 13 runs for all remaining variables to 
have factors less than 10, indicating low contribution to multicollinearity.  
  
1 2 3 4 
Variable VIF Variable VIF Variable VIF Variable VIF 
bio1 5686.38 bio2 197.56 bio2 197.53 bio2 177.66 
bio2 223.07 bio3 22.89 bio3 22.75 bio3 19.82 
bio3 25.43 bio4 64.97 bio4 22.54 bio4 12.77 
bio4 65.33 bio5 509.01 bio5 199.67 bio5 200.97 
bio5 509.07 bio6 329.87 bio6 287.66 bio6 284.38 
bio6 329.84 bio7 314.63 bio7 305.72 bio7 287.74 
bio7 356.35 bio8 519.16 bio8 505 bio8 220.1 
bio8 519.88 bio9 948.23 bio9 937.67 bio9 314.95 
bio9 985.66 bio10 4304.51 bio11 1534.15 bio12 181 
bio10 5545.96 bio11 2778.87 bio12 193.08 bio13 74.43 
bio11 4858.25 bio12 207.34 bio13 79.08 bio14 162.12 
bio12 212.08 bio13 79.08 bio14 167.24 bio15 5.56 
bio13 81.57 bio14 167.26 bio15 5.45 bio16 155.45 
bio14 172.49 bio15 5.79 bio16 170.13 bio17 278.5 
bio15 5.99 bio16 176.04 bio17 289.37 bio18 12.94 
bio16 176.13 bio17 289.96 bio18 13.25 bio19 24.84 
bio17 296.14 bio18 13.25 bio19 25.04 Elevation 17.69 
bio18 13.46 bio19 25.5 Elevation 17.74   
bio19 25.49 Elevation 17.87     




APPENDIX C (continued) 
 
  5 6 7 
Variable VIF Variable VIF Variable VIF 
bio2 179.35 bio2 10.32 bio2 10.22 
bio3 19.8 bio3 4.6 bio3 4.54 
bio4 12.85 bio4 9.76 bio4 9.6 
bio5 122.35 bio5 108.09 bio5 106.99 
bio6 175.54 bio6 114.16 bio6 113.5 
bio7 290.45 bio8 226.96 bio8 223.6 
bio8 231.8 bio12 167.18 bio12 134.53 
bio12 172.61 bio13 71.17 bio13 70.4 
bio13 72.99 bio14 155.25 bio14 20.03 
bio14 155.66 bio15 5.39 bio15 5.39 
bio15 5.49 bio16 153.64 bio16 146.48 
bio16 153.48 bio17 256.16 bio18 12.6 
bio17 256.42 bio18 12.67 bio19 19.96 
bio18 12.74 bio19 23.17 Elevation 17.05 
bio19 23.74 Elevation 17.25   
Elevation 17.29     
  
  
8 9 10 
Variable VIF Variable VIF Variable VIF 
bio2 10.06 bio2 9.85 bio2 5.73 
bio3 4.36 bio3 4.34 bio3 4.21 
bio4 9.01 bio4 8.56 bio4 6.1 
bio5 37.25 bio5 37.25 bio5 11.14 
bio6 71.25 bio6 71.23 bio12 67.29 
bio12 130.29 bio12 67.32 bio13 23.31 
bio13 70.32 bio13 23.34 bio14 15.12 
bio14 19.66 bio14 16.17 bio15 4.52 
bio15 4.64 bio15 4.56 bio18 11.29 
bio16 143.37 bio18 11.5 bio19 19.78 
bio18 11.54 bio19 19.81 Elevation 15.65 
bio19 19.96 Elevation 16.74   




APPENDIX C (continued) 
 
  11 12 13 
Variable VIF Variable VIF Variable VIF 
bio2 5.69 bio2 5.6 bio2 3.46 
bio3 4.11 bio3 4.09 bio3 4.02 
bio4 5.9 bio4 5.84 bio4 5.67 
bio5 11.02 bio5 11.02 bio5 2.05 
bio13 8.86 bio13 8.3 bio13 8.3 
bio14 15.06 bio14 5.45 bio14 5.4 
bio15 3.92 bio15 3.91 bio15 3.89 
bio18 8.98 bio18 8.66 bio18 8.64 
bio19 15.9 Elevation 15.45   





Pearson’s r correlation values calculated pairwise between all bioclimatic variables and 
elevation using the dataset with the yungas-masked background points. Variables with r 
values higher than 0.75 were considered strongly correlated (bold) and were not used 
together in any models during the process of model choosing.  
  bio1 bio2 bio3 bio4 bio5 bio6 bio7 bio8 bio9  
bio2 -0.716          
bio3 0.251 -0.084         
bio4 -0.449 0.478 -0.734        
bio5 0.987 -0.628 0.205 -0.354       
bio6 0.978 -0.819 0.272 -0.535 0.938      
bio7 -0.721 0.943 -0.391 0.706 -0.618 -0.834     
bio8 0.997 -0.712 0.218 -0.404 0.988 0.971 -0.704    
bio9 0.998 -0.733 0.266 -0.471 0.98 0.984 -0.744 0.992   
bio10 0.998 -0.716 0.204 -0.394 0.99 0.973 -0.704 0.998 0.995  
bio11 0.998 -0.726 0.29 -0.499 0.979 0.984 -0.746 0.992 0.998  
bio12 0.683 -0.581 0.383 -0.597 0.627 0.701 -0.646 0.662 0.685  
bio13 0.535 -0.384 0.296 -0.455 0.5 0.523 -0.44 0.521 0.528  
bio14 0.61 -0.644 0.446 -0.577 0.539 0.677 -0.724 0.589 0.624  
bio15 -0.549 0.618 -0.403 0.708 -0.474 -0.627 0.702 -0.507 -0.572  
bio16 0.553 -0.383 0.29 -0.451 0.52 0.536 -0.434 0.538 0.546  
bio17 0.631 -0.666 0.449 -0.601 0.559 0.699 -0.745 0.61 0.645  
bio18 0.529 -0.407 0.281 -0.451 0.486 0.52 -0.451 0.517 0.521  
bio19 0.662 -0.686 0.467 -0.632 0.589 0.727 -0.768 0.639 0.677  
Elevation -0.955 0.757 -0.15 0.349 -0.939 -0.944 0.723 -0.959 -0.954  
 
          
  bio10 bio11 bio12 bio13 bio14 bio15 bio16 bio17 bio18 bio19 
bio11 0.993          
bio12 0.656 0.697         
bio13 0.51 0.543 0.928        
bio14 0.589 0.629 0.85 0.663       
bio15 -0.518 -0.577 -0.675 -0.444 -0.76      
bio16 0.528 0.56 0.94 0.991 0.663 -0.46     
bio17 0.61 0.651 0.867 0.673 0.995 -0.778 0.676    
bio18 0.503 0.537 0.917 0.931 0.703 -0.494 0.935 0.713   
bio19 0.639 0.682 0.869 0.679 0.955 -0.762 0.685 0.968 0.688  
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